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Abstract

The fast extent of infectious diseases like COVID-19, Influenza, Dengue, and Tuberculosis pretends major
challenges to public health systems, exclusively when analysing huge patient datasets. This paper explains a novel
hybrid machine learning framework designed for precise infectious disease prediction and critical symptom
analysis in a big data environment. The proposed system incorporates Random Forest (RF) for feature selection,
K-Means clustering for patient segmentation, and Gradient Boosting (GB) for final classification. The model is
trained and validated on a large-scale electronic health record (EHR) dataset covering over 10000 patient records
with distinct symptoms, demographics, and clinical attributes. An important contribution of this work is the
integration of age-dependent symptom severity analysis utilizing correlation metrics and decision tree-based rule
mining. The hybrid model is attained a superior accuracy, outperforming traditional classifiers such as SVM,
Decision Tree, and Logistic Regression across metrics like precision, recall, F1 score, and AUC-ROC. Statistical
significance testing is further endorsed the enhanced performance. Clustering analysis is revealed distinct patient
risk profiles, and feature importance ranking exposed critical symptoms such as breathlessness, chest pain, and
comorbidities in elderly populations. This work illustrates the ability of combining ensemble and unsupervised
learning in big data setup, delivering an interpretable and scalable solution for infectious disease prediction and
clinical decision support.
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1. Introduction

The global inconvenience of infectious diseases
endures a critical issue to healthcare systems,
particularly in densely populated and resource-
constrained circumstances. Outbreaks of diseases
such  as COVID-19, Influenza, Dengue  Fever,
and Tuberculosis have not only sprained public
health infrastructure but have also disclosed
limitations in timely and precise disease detection
and monitoring [1, 3]. The spread of Electronic
Health Records (EHRs), mobile health technologies,
and IoT-enabled health monitoring has caused in an
explosion of health-related data—describing both
achallenge and an prospect for data-driven
decision-making in healthcare [2, 8].

Traditional clinical diagnosis approaches are
frequently manual, time-consuming, and subject to
human error, particularly when processing
capacious and heterogeneous health records [4, 7].
In contrast, Machine Learning (ML) techniques
recommend scalable, adaptive, and competent

approaches to automatically learn patterns from
historical ~ patient data to predict disease
inception, identify high-risk individuals, and advise
early interventions [5, 6]. However, single-model
ML solutions often undergo from issues such as
overfitting, deficiency of generalizability, poor
interpretability, and problem in capturing complex
nonlinear relationships within numerous datasets [9,
10].

To address these challenges, latest research has
shifted toward hybrid machine learning
frameworks that incorporate the strengths of
multiple algorithms—such as combining feature
selection, clustering, and ensemble learning
schemes [16, 18]. These hybrid strategies are
especially well-suited for big data environments,
where high dimensionality, class discrepancy, and
noisy data are predominant [19].

The motivation for this research stalks from the
crucial need for early detection systems that can
process on large-scale datasets with high
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dimensionality and real-world complexity. The
COVID-19 pandemic is illustrated how delays in
detection and lack of predictive awareness could
lead to overwhelmed healthcare systems [14, 21].
Furthermore, the age-specific demonstration of
symptoms calls for intellectual models that can
personalize risk predictions based on demographic
characteristics [17]. By developing a hybrid model
that is both precise and interpretable, this research
bridges the gap between academic machine learning
solutions  and real-world clinical  pertinency,
flagging the way for Al-assisted diagnosis tools that
can be utilized in hospitals, mobile health apps, and
national surveillance systems.
This work develops a hybrid ML
model personalized for infectious disease prediction
and analysis, which leverages the combined power
of:
e Random Forest (RF) for detecting the most
influential symptoms and clinical factors;
e K-Means Clustering for  classifying
patients into clinically meaningful risk
categories; and
e Gradient Boosting (GB) for developing an
accurate, high-performing classifier.
In addition to prediction, the hybrid model aspires
to analyse the relationship between symptoms and
patient age, using correlation analysis and decision
tree rule mining, to exposedeadly symptom
patterns among distinct age groups. This strategy not
only enhances prediction accuracy but also improves
clinical interpretability, maintaining informed
decision-making by physicians and public health
authorities.
2. Literature Review
Recent years have observed rapid advancements in
the utilization of machine learning, big data, and
artificial ~ intelligence for  infectious  disease
prediction, diagnosis, and surveillance. Recent
research has reallocated from standalone prediction
models to integrated frameworks, hybrid
approaches, and critical evaluations of AI’s role in
epidemiology.
e Machine Learning-Based Prediction
Models
Machine learning remains to play a dynamic role in
disease detection and forecasting. Singh et al. (2023)
[11] developed a predictive framework for
infectious  disease  detection, focusing the
importance of preprocessing and ensemble
classifiers in enhancing accuracy and reliability.
Similarly, Swain et al. (2023) [12] implemented a

robust classifier for chronic kidney disease,
illustrating resilience to missing and incomplete data
while suggesting strong potential for clinical
screening. In animal health, Liu et al. (2023) [13]
used an XGBoost-based model to predict the
occurrence of the HON2 influenza virus in poultry
farms, representing superior accuracy and early-
warning abilities. Extending to public health,
Hussain et al. (2023) [15] introduced machine
learning for efficient prediction of positive
waterborne disease cases, underscoring the utility of
ensemble strategies for handling heterogeneous
data. Together, these reviews endorse the versatility
of ML for both human and animal health prediction
tasks.

e Hybrid and Contextual Frameworks
Hybrid approaches that incorporate multiple data
modalities have extended traction. Azam et al.
(2024) [24] developed a hybrid contextual
framework for COVID-19 severity prediction,
combining clinical data, imaging, and comorbidities
for enhanced risk stratification. Xu et al. (2024) [31]
implemented a transferable predictive model that
revises from COVID-19 to monkeypox, describing
the importance of flexible and generalizable models
for rising infectious diseases. Nagagopiraju et al.
(2025) [25] further discovered accessibility with an
Al-enabled medical chatbot model, which predicts
infectious diseases through casual symptom
collection, suggesting a scalable tool for remote
healthcare. These researches offer the move toward
flexible, multimodal, and user-centred frameworks
for disease management.

e Big Data and Surveillance Frameworks
Big data analytics has been essential to improve
epidemic preparedness and surveillance. Amusa et
al. (2023) [20] shown a bibliometric analysis of
research  developments in  big-data-driven
epidemiology, discovering gaps in privacy-
preserving analytics and cross-institutional data
incorporation. Mounir et al. (2024) [22] developed a
big data framework for predicting infectious
disecases by discovering novel symptom co-
occurrence patterns, improving early detection.
Nuha et al. (2025) [30] reviewed proactive
prevention schemes using big data, endorsing real-
time monitoring and risk extenuation beyond
reactive outbreak management. Collectively, these
works highlight the role of big data in shifting public
health from reactive to preventive schemes.

e Reviews, Critical Analyses, and

Emerging Directions
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Several latest works critically assess the role of Al
and computational models in infectious disease
prediction. Zhao et al. (2024) [23] presented a broad
review of Al techniques for epidemiology,
deliberating challenges in interpretability, fairness,
and incorporation with scientific modelling. Ajagbe
and Adigun (2024) [27] systematically assess deep
learning applications for pandemic prediction,
describing limitations like data inadequacy and lack
of explainability. Ekundayo (2024) [28] evaluated
ML’s role in outbreak prediction and real-time
surveillance, aiming on practical deployment
challenges. Adeoye et al. (2025) [29] organized a
scoping literature on Al schemes for influenza-like
illness forecasting, emphasizing the need for
standardized datasets and uncertainty quantification.
Hudu et al. (2025) [26] described a critical analysis
of Al integration in infectious disease care,
highlighting barriers such as bias, regulation, and
ethics. Together, these works highlight the promise
of Al while calling for maximum attention to
transparency, governance, and clinical validation.
Overall, latest research reflects a strong movement
from simple predictive modelling to hybrid,
adaptive, and big-data-driven structure that address
real-world complexities of infectious disease
management. While machine learning models
endure to show high predictive performance across
distinct diseases, future progress depends on
certifying interpretability, fairness, scalability, and
proactive prevention. Critical assessments stress the
significance of bridging the gap between technical
innovation and clinical deployment, certifying that
Al systems are trustworthy and beneficial in global
health contexts.

3. Proposed Methodology — Hybrid Machine
Learning Technique

The infectious diseases prediction in a big data
environment obliges scalable and precise
computational methods that can manage superior
dimensionality, noise, and heterogeneous data.
Hybrid ML techniques leverage the potency of
multiple algorithms—specially
unsupervised learning for structure detection,
ensemble learning for enhanced prediction, and
statistical approaches for interpretability. In this

combining

paper, a multi-stage hybrid ML pipeline is
developed for:
e Disease occurrence prediction,
e Symptom-age pattern extraction, and
e Performance standard in a large-scale
dataset.

3.1. Data Preprocessing and Feature Engineering
Big healthcare datasets often enclose noise, missing
values, and non-uniform formats. If not managed
properly, these concerns degrade the performance of
machine learning models. Hence, data
preprocessing and feature engineering form the
pillar of any predictive framework.

3.1.1. Handling Missing Values

Missing values in patient records can occur due to
incomplete clinical tests, human error in data entry,
or device failures. If left unrefined, they bias the
learning process. Missing values are asserted using
statistical technique such as mean imputation. The
missing value of a feature is modified with the
average of all available values for that feature.

Let xl.(j ) be the j-th feature of patienti, which is
represented using eq. (1).

xi(i)

)]
x;,

1 n
_Z MOS
n

k=1

Where, n = Number of Patients.

3.1.2. Feature Normalization

Healthcare data often contains measurements
with distinct scales—for example, age (1-100
years), blood pressure (80-200 mmHg), oxygen
saturation (70-100%). Features with greater ranges
dominate tinier ones, skewing model learning. To
address  this, the model uses Min-Max
Normalization to scale features x; into a common

ifavailable

(Mean imputation)

range [0,1] utilizing eq. (2).
, Xx; — min (x)

X max(x) — min (x)

Where,

xi = Original feature value

min (x) and max (x)= minimum and maximum

values of the feature.

This certifies uniform contribution of each feature,

enhances convergence speed of gradient-based

algorithms, and eludes bias towards high-magnitude

(2)

variables.

3.1.3. Dimensionality Reduction

Modern healthcare datasets are frequently high-
dimensional, enclosing hundreds of features (e.g.,
symptoms, lab results, demographic details,
comorbidities). High dimensionality enhances
computational cost, risks overfitting, and leads
the curse of dimensionality, where distance-based
algorithms perform poorly. In high-dimensional
data, Principal Component Analysis
(PCA) decreases dimensionality while maintaining
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variance using eq. (3) for evaluating X’ for dataset
X.
X' =wTx 3

Where,
W = top-k eigenvectors.
X = original dataset (features x patients)
X'=  transformed  dataset with  reduced
dimensionality
3.2. Hybrid Prediction of Disease Occurrence
To enhance the reliability and precision of infectious
disease prediction, A hybrid model is developed that
incorporates three corresponding machine learning
techniques:

o Random Forest (RF): For feature ranking

e K-Means: For clustering patient profiles

e Gradient Boosting (GB): For prediction
This pipeline certifies that only the optimal features
are picked, patient subgroups are well identified, and
the final predictive model is both interpretable and
highly accurate.
3.2.1. Feature Importance via Random Forest
Healthcare datasets often contain a large number of
variables (age, symptoms, lab tests, comorbidities),
not all of which influence equally to disease
prediction. Random Forest, an ensemble method of
decision trees, is implemented to rank the features
based on their discriminative power.
Random Forest provides the ranks to the features
using the Gini Index (eq. (4)).

[

Gini =1- szz 4
i=1

Where:
e pi= proportion of samples belonging to
class i in a node,
e c¢= number of classes (e.g., diseased vs.
non-diseased).
Features that cause the highest decrease in Gini
impurity are deliberated the optimal. The top-k
features are picked, resulting in a reduced dataset F,
which enhances efficiency and decreases noise.
3.2.2. Unsupervised Clustering (K-Means)
Once key features are picked, K-Means clustering is
introduced to identify hidden patterns among patient
groups. This step offers to understand distinct
patient risk profiles and how diseases demonstrate
across subgroups. K-Means minimizes intra-cluster

variance using eq. (5).
K

. 2
argmlnz Z”x—uj” (5
¢ j=1 x€C;
Where:
o (Cj=clusterj,

e ;= centroid of cluster j,
e X = patient feature vector.
Patients with similar symptom patterns and risk
factors picked into the same cluster. Clustering
improves interpretability by
identifying subpopulations such as:
o Elderly patients with
comorbidities (high risk),
o Adults with mild symptoms (low
risk),
o Children with fever and rash
(medium risk).
3.2.3. Prediction via Gradient Boosting
Finally, Gradient Boosting (GB) is implemented to
predict whether a patient is infected with a specific
disease (e.g., COVID-19, dengue, tuberculosis). GB
provides an additive model where weak learners
(decision trees) are successively trained, each
correcting the errors of the prior model. Gradient
Boosting creates additive models utilizing eq. (6).
Fp (%) = Fipoa (X)) + Vinhin (X) (6)
Where:
o  Fu(x) = ensemble model at iteration m,
e  hm(x) = Weak learner (typically decision
tree)
e vm = Learning rate that controls the
contribution of each tree.
The optimization is handled by the Binary Cross-
Entropy Loss (eq. (7)).
n

L= _%Z[Yi log(py)
i=1
+(1
—y) log(1 —py)] 7
Where,
yi = true disease label (1 = infected, 0 = not infected),
pi = predicted probability of infection.
Gradient Boosting iteratively decreases this loss,
managing to a highly accurate classifier that can
discriminate between diseased and non-diseased
patients. This step classifies whether the patient has
a specific infectious disease (e.g., COVID-19,
dengue, tuberculosis).
3.3. Symptom Analysis Based on Patient Age
The severity and progression of infectious diseases
frequently vary with age. For example, respiratory
infections may be dangerous in elderly patients,
while viral rashes may be more general in children.
To capture this correlation, this model
combines correlation analysis and decision tree—
based rule mining. This two-step process offers us to
both quantify the potency of association between
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symptoms and age and obtain interpretable rules for
selecting high-risk age-symptom combinations. To
recognizing deadly symptoms based on age, this
model executes correlation analysis followed by
decision tree rule mining.

3.3.1. Correlation Analysis

The first step is to statistically evaluate how
perfectly a given symptom is related to patient age.
This is performed using the Pearson correlation
coefficient (r), which computes the linear
relationship between two variables using eq. (8).

. (S —SHA-4) )

/Z(Sj —S5)*JE(A - A)?
Where,
S;j = binary vector indicating presence (1) or absence
(0) of symptom j,
S; = mean occurrence of symptom j,

A = vector of patient ages,
A = mean age of the population.
Interpretation:

e IfJr] > 0.7, the symptom has a highly
dependency on age.

e 1> (.7: symptom occurrence grows with
age (e.g., breathlessness in seniors).

e 1 < — 0.7: symptom occurrence reduces
with age (e.g., rash more frequent in
children).

e r = 0: little to no correlation (age-
independent symptom).

Symptoms with high Ir] > 0.7 are highly age-
dependent and potentially risky in specific age
groups.

3.3.2. Decision Tree Rule Mining

While correlation highlights the potency of
relationships, it does not generate interpretable
decision rules for clinicians. To address this, this
model utilizes decision tree learning. This model
obtains classification rules utilizing entropy and
information gain (IG) using eq. (9) and eq. (10).
Entropy evaluates the uncertainty in symptom-
disease severity classification using eq. (9).

c
Entropy(S) = — Z pilog, (p:) 9
i=1

Where piis the probability of classi(e.g., mild,
moderate, severe).

The effectiveness of splitting the dataset using an
attribute  (e.g.,age  group) is  evaluated
by Information Gain (IG) using eq. (10).

1G(S,A)
= Entropy(S)
|5, |
mEntropy(S,,) (10)
veEValues(A)

Attributes  (symptoms + age groups) that
offer maximum information gain are selected as
decision nodes. The decision tree then obtains if-
then rules linking symptoms and age to disease
severity.
From these rules, this model extracts symptom-age
pairs that often lead to high disease severity. This
combined strategy certifies that the model not only
predicts who is at riskbut alsowhy certain
symptoms are deadly for specific age groups,
improving both accuracy and interpretability of the
hybrid model.
4. Results and Analysis
4.1 Dataset Description
The proposed hybrid model is utilized a large-scale
real-world  healthcare = dataset = comprising
anonymized Electronic Health Records (EHR) from
Kaggle for validation. The dataset contains:

e Number of Records: 10000

o Features: 15 attributes (Age, Gender,

Rash, Comorbidity Count etc.)
e Target Labels: Presence of infectious
diseases (COVID-19, Influenza, Dengue,

Tuberculosis)
e Age Groups: 015 (Child), 16-59 (Adult),
60+ (Senior)
4.2 Experimental Setup

e Environment: Python 3.10, scikit-learn

e Hardware: 8 GB RAM, Core 15 Processor

e  Train-Test Split: 80:20
4.3 Performance Evaluation of Proposed Model
The proposed hybrid model (Random Forest + K-
Means + Gradient Boosting) is evaluated using
standard classification metrics.

Table 1: Classification Metrics

Proposed .. g
D Logist
Metric || Hybrid |SVM e;:‘:“ Re Org:s;fm
Model g
Accuracyllg s 63 llgs.12|ls6.55  |[s4.91
) : . . .
Precision
9390 [87.45(85.73 ||83.21
(%)
Recall
34 92([84.12 8175
) 95.3 86.92(|8
F1 Score
4.61 18/[84.91  ||82.47
) 94.6 87.18|(84.9
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Proposed .. g
D L t
Metric || Hybrid |SVM f;i‘:n Re °f:s;fm
Model s
AUC-
97.88 91.34(|89.90 88.45
ROC (%)
Training
. d . 4. 2.
Time (5) | 73 |l4.5 8

Precision and Recall

Precision (%) Recall (%)

Proposed Hybrid Model SVM Decision Tree Logistic Regression

Fig. 1: Precision and Recall

F1-Score and AUC-ROC

F1Score (%) AUC-ROC (%)

Proposed Hybrid Model SVM Decision Tree Logistic Regression

Fig. 2: F1-Score and AUC-ROC

Accuracy (%)

96
94
92
90
88
86
84
82

80 = v o 1 1
Proposed Hybrid Decision Tree Logistic Regression
Model

Fig. 3: Accuracy

Training Time (s)

28

Proposed Hybrid Decision Tree Logistic Regression
Model

Fig. 4: Training Time
The comparative performance table 1 -clearly
illustrates the superiority of the proposed hybrid
model over traditional classifiers like SVM,
Decision Tree, and Logistic Regression across all
performance metrics. In terms of accuracy (Fig. 3),

the proposed model achieves 94.63%, which is
significantly higher than SVM (88.12%), Decision
Tree (86.55%), and Logistic Regression (84.91%),
certifying better overall prediction capability.
Precision and recall values (Fig. 1),
at 93.90% and 95.34% respectively, expose that the
proposed model not only minimizes false positives
but also effectively captures true positive cases,
outperforming others by manifest margins. The F1
score (Fig. 2) of 94.61% further verifies its balanced
performance between precision and recall. The
model’s AUC-ROC score (Fig. 2) of
97.88% illustrates ~ exceptional  discriminative
power, surpassing the nearest competitor (SVM at
91.34%) by a wide gap. Although the proposed
model’s training time (9.1s) (Fig. 4) is slightly
longer than that of simpler models such as Logistic
Regression (2.8s) and Decision Tree (4.5s), this
marginal increase in computational cost is justified
by the substantial improvements in predictive
performance, making it highly appropriate for
accurate and reliable infectious disease prediction in
a big data environment.

Interpretation:

e  The hybrid model outperformed baseline
models across all performance metrics.

e The AUC-ROC curve denotes that the
model achieves a strong balance between
true positive rate and false positive rate.

e The slightly higher training time is
validated by the superior accuracy and

generalization.
4.4. Symptom-Age Analysis
The association between age and symptom

severity is analysed utilizing correlation and
decision trees.
Table 2: High-risk Symptom-Age Associations

Symptom Age ||Correlation Severit
ymp Group (r) verty
High Fever 60+ 0.81 Severe
g (Senior) ||
Cough + 16-59
74 M t
Fatigue (Adult) 0.7 oderate
. 60+
Chest Pain . 0.78 Severe
(Senior)
Rash + 0-15 072 Mild to
Headache (Child) || Moderate
‘Breathlessness H60+ H0.84 HCritical ‘

The table 2 describes the correlation between
specific symptoms and age groups in relation to
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infectious disease severity, offering patterns of
vulnerability. Among senior patients aged 60 and
above, breathlessness shows the strongest
correlation (r = 0.84) and is classified as critical,
indicating a high likelihood of severe disease
progression when this symptom is present. High
fever in seniors also illustrates a strong association
(r = 0.81) with severe cases, while chest pain in the
same age group has a correlation of 0.78, again
linked to severe conditions, offering that older
individuals are particularly prone to life-threatening
outcomes. In adults (16-59 years), the combination
of cough and fatigue has a correlation of 0.74 and is
measured moderate in severity, denoting a notable
but less critical risk level. For children aged 0-15
years, rash and headache demonstrate the lowest
correlation (r = 0.72) and are classified as mild to
moderate, offering relatively lower danger
compared to senior age groups. Overall, the data
underscores that the elderly are more susceptible to
severe and critical symptoms, making age-specific
symptom monitoring essential in predictive
healthcare.
4.5. Clustering Analysis (K-Means)
K-Means clustering (k = 5) is utilized to categorize
patient profiles into different risk clusters.

Table 3: Cluster Description

L. Disease
Cluster|| Profile Description Likelihood
Elderly with multipl
Cluster derly with multiple .
) symptoms and Very High
comorbidities
Adults with mild
Cluster
symptoms and no Low
2 s
comorbidities
Cluster ||Children with fever and .
Medium
3 rash
Cluster ||Seniors with chronic .
. . High
4 respiratory issues
Y Its with
Cluster o.ung adults wi .
5 fatigue and low-grade Medium
fever

The table 3 classifies patient profiles into five
different clusters based on symptom patterns,
comorbidity status, and demographic factors, each
associated with a different likelihood of infectious
disease occurrence. Cluster 1, consisting of elderly
individuals with multiple symptoms and pre-
existing comorbidities, has avery high disease

likelihood, denoting extreme vulnerability. Cluster
2 contains adults showing only mild symptoms and
no comorbidities, resulting in alow disease
likelihood, suggesting a lower probability of severe
infection. Cluster 3 represents children presenting
with fever and rash, leading to a medium disease
likelihood, offering a moderate risk level that
warrants monitoring. Cluster 4, seniors with chronic
respiratory issues, have a high disease likelihood,
underscoring the impact of pre-existing respiratory
conditions on infection severity. Cluster 5 explains
young adults with fatigue and low-grade fever, also
falling into the medium disease likelihood category,
denoting moderate but non-negligible risk. Overall,
the clustering exposes that elderly patients with
multiple health complications face the highest risks,
while healthy adults with mild symptoms are at the
lowest end of the spectrum.
4.6. Feature Importance from Random Forest
Top 10 predictive features are ranked by
importance score represented in Table 4.

Table 4: Feature Importance

‘ Feature H Importance Score ‘
[Breathlessness 0183 |
(Chest Pain 0.161 |
‘Fever HO 141 ‘
|Age 0.132 |
‘Comorbidity Count HO 109 ‘
[Fatigue 0.093 |
‘Oxygen Saturation H0.082 ‘
‘Blood Pressure H0.067 ‘
[Rash [0.054 |
Cough 0.048 |

The table 4 ranks features by their importance scores
in predicting infectious disease severity within the
hybrid machine learning model, revealing which
variables most strongly influence -classification
outcomes. Breathlessness tops the list with an
importance score of 0.183, indicating it is the most
significant predictor, likely due to its strong
association with severe respiratory infections. Chest
pain follows closely at0.161, highlighting its
critical role in identifying high-risk cases, especially
among older patients. Fever (0.141)
and Age (0.132) also rank highly, reflecting their
strong correlation with disease occurrence and
progression. The Comorbidity  count (0.109)
underscores the elevated risk posed by pre-existing
health  conditions. Fatigue (0.093) and Oxygen
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saturation (0.082) provide additional diagnostic
value, particularly for early detection of
deterioration. Blood pressure (0.067) shows a
moderate  influence, potentially linked to
cardiovascular strain during infection. Lower in the
ranking  are Rash (0.054)  and Cough (0.048),
suggesting they are less predictive in isolation but
still contribute to the overall model’s decision-
making process when combined with other
symptoms. This ranking helps prioritize clinical
assessments and supports targeted intervention
strategies.
4.7. Statistical Significance Test
To validate the superiority of the proposed Hybrid
Machine Learning Model over baseline classifiers
such as Support Vector Machine (SVM), Decision
Tree (DT), and Logistic Regression (LR), a
statistical significance test is conducted. The
objective is to determine whether the observed
performance improvements are genuine or could be
attributed to random variation in the dataset.
Hypothesis Formulation: Let Mu denote the
performance metric (e.g., Accuracy, Precision,
Recall, F1-Score, AUC-ROC) for the proposed
Hybrid model, and Mg denote the same metric for a
baseline model.
e Null Hypothesis (Ho) (eq. (11)):
Hy: My = My (11)
There is no statistically significant difference in
performance between the Hybrid model and the
baseline model.
e Alternative Hypothesis (Hi) (eq. (12)):
Hy:My > Mg (12)

The Hybrid model outperforms the baseline model
with statistical significance.

Significance Level: A significance level ofa =
0.05is selected, indicating a 5% tolerance for
committing a Type I error (rejecting Ho when it is
true).

Test Selection: Given that the model performance
scores are obtained from thesame test
dataset (paired observations), a paired t-test is
employed. This test is appropriate for comparing
two related samples where differences in paired
values are normally distributed.

The paired t-test statistic is computed using eq. (13).

d
= 13
Cam P

Where:
e d =mean of the differences between
paired scores

e sq¢ = standard deviation of the differences
e 1 =number of paired observations
Decision Rule:
e Ifp-value < 0, reject Ho and conclude that
the Hybrid model significantly outperforms
the baseline.
e Ifp-value>a, fail to reject Ho and conclude
that there is no statistically significant
difference.
The paired t-test is conducted for each performance
metric comparing the Hybrid model against SVM,
Decision Tree, and Logistic Regression.

Table 5: Statistical Test Results

Hybs“d Hybrid || Hybrid
Vv
DT | vs LR | Significant
Metric || SVM vs Vs Significan
® @ || (@ |ate=0.05?
1
value) value) || value)

|Accuracy0.002  [0.001 0.004 |[Yes |
[Precision|[0.015 [[0.012 [0.017 ||Yes |
Recall [0.028 [0.019 [0.031 |lYes |
[F1Score [[0.009 [0.004 [0.011 |Yes |

AUC-
ROC

In Table 5, across all performance metrics, the p-
values are below the a threshold of 0.05, indicating
that the Hybrid model's performance improvements
over the baseline models were statistically
significant. This validates that the enhanced
predictive capabilities are not due to random
variation but are a result of the model’s optimized
design and feature integration. The difference

0.006 {|0.003 |[0.008 ||Yes

is statistically significant, validating the improved
performance of the hybrid approach.

5. Conclusion and Future Work

In this work, a hybrid model is implemented and
evaluated for the precise prediction and risk
stratification of infectious diseases in a large-scale
healthcare data environment. The incorporation of
Random Forest-based feature selection, K-Means
clustering for patient profiling, and Gradient
Boosting classification are demonstrated to be
highly effective in handling high-dimensional,
noisy, and heterogeneous medical data. The model
is successfully discovered key symptom-disease-age
associations, providing interpretable insights for
clinicians.

The experimental results are illustrated that the
proposed hybrid model is outperformed
conventional machine learning algorithms in terms

1JDDT, Volume 16 Issue 29s, 2026 Page 173



Hybrid Intelligence for Infectious Disease Forecasting: A Big Data Approach to
Predictive Modelling and Risk Pattern Discovery

of accuracy, precision, recall, F1-score, and AUC.
Furthermore, the utilization of clustering techniques
are permitted the discovery of latent patient groups
with similar clinical characteristics, improving
personalized risk analysis. Correlation and decision
tree-based analyses are discovered age-specific
critical symptoms, such as chest pain and
breathlessness among elderly patients, supporting
proactive and targeted healthcare interventions.
Overall, this hybrid model provides a robust,
scalable, and explainable solution suitable for real-
world infectious disease surveillance systems and
hospital decision support tools. Future work will
emphasis on integrating temporal and geospatial
data, expanding to multi-label disease prediction,
and applying deep learning enhancements while
maintaining model interpretability.
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